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The thioredoxin family of oxidoreductases plays an
important role in redox signaling and control of
protein function. Not only are thioredoxins linked to
a variety of disorders, but their stable structure has
also seen application in protein engineering. Both
sequence-based and structure-based tools exist
for thioredoxin identification, but remote homolog
detection remains a challenge. We developed a thio-
redoxin predictor using the approach of integrating
sequence with structural information. We combined
a sequence-based Hidden Markov Model (HMM)
with a molecular dynamics enhanced structure-
based recognition method (dynamic FEATURE, DF).
This hybrid method (HMMDF) has high precision
and recall (0.90 and 0.95, respectively) compared
with HMM (0.92 and 0.87, respectively) and DF (0.82
and 0.97, respectively). Dynamic FEATURE is sensi-
tive but struggles to resolve closely related protein
families, while HMM identifies these evolutionary
differences by compromising sensitivity. Ourmethod
applied to structural genomics targets makes a
strong prediction of a novel thioredoxin.
INTRODUCTION
The ubiquitous thioredoxin protein family is a member of the
thioredoxin fold class of oxidoreductases. Included within this
classification are protein disulfide isomerases (PDI) and disulfide
interchange proteins (DsbA, DsbC), both of which possess
evolutionarily related domains (Freedman et al., 1988; Ito and
Inaba, 2008). These redox reactive proteins are highly stable
and sometimes used as protein engineering scaffolds (Colas
et al., 1996). Biologically, thioredoxins are involved in key
cellular processes including protein synthesis and DNA replica-
tion (Arner and Holmgren, 2000), where abnormal activity can
be linked to cardiovascular disorders (Billiet and Rouis, 2008)
and cancer (Tonissen and Di Trapani, 2009). They function in
redox regulation of protein activity and redox signaling. Despite
their discovery decades ago, there remain ongoing studies to
discover and characterize the members of the thioredoxin
family.Structure 19,Through an invariant redox reactive disulphide (pair of catalyt-
ically active cysteines), thioredoxins catalyze the formation,
breakage, and isomerization of substrate disulfides (Carvalho
et al., 2006; Holmgren, 1985). A cis-proline is also conserved
within the active site, though it is distant in sequence to the active
cysteines (Eklund et al., 1991; Martin, 1995). With these excep-
tions, members of the thioredoxin family possess significant
sequence diversity, while members of the thioredoxin fold class
possess prominent structural similarities (Atkinson and Babbitt,
2009; Eklund et al., 1991; Soderberg et al., 1978). As a result,
the thioredoxin protein family presents a challenge for function
prediction methods.
Protein functional site identification, including enzyme active
sites and ligand/substrate binding sites, is the analysis of protein
sequence and structure to define the key molecular elements
required for function (catalysis, binding). It is fundamental for
defining molecular reactions and interactions that occur within
a cell. Experimental characterization is often costly and slow,
hindering comprehensive analysis. Computational methods
have evolved as a rapid and cost-effective means to gaining
functional insight.
The earliest and most widely used approaches for function
prediction are sequence-based, relying on the inference of
homology between sequences for annotation transfer. Methods
such as BLAST (Altschul et al., 1990), PSI-BLAST (Altschul
et al., 1997), SAM (Karplus et al., 1998), and HMMER (Eddy,
1998) infer homology using sequence similarity as a proxy. These
tools are generally unable to detect functional sites that do not
share common ancestry. Moreover, homology does not always
imply function conservation (Theissen, 2002). While orthologs
are more likely to conserve function than paralogs, sequence
homology can be low in both, making them difficult to distinguish
(Gerlt and Babbitt, 2000). As sequence similarity decreases,
the confidence in homology relationships weakens. When
sequences are less than 30% identical, transfer of function anno-
tation is often unreliable (Chothia and Lesk, 1986; Wilson et al.,
2000). Therefore, sequence-based methods use stringent signif-
icance thresholds to achieve high selectivity. HMMER, a widely
used tool for building Hidden Markov Models (HMMs), uses an
inclusion threshold equivalent to the highest scoring nonmember
(Coggill et al., 2008) for building the PFAM database (Sonnham-
mer et al., 1998). This maximizes the precision of themethod and
database at the cost of sensitivity. As such, remote homologs
can be missed.
Structure-based function prediction methods use information
about the 3D configuration of atoms and depend less on461–470, April 13, 2011 ª2011 Elsevier Ltd All rights reserved 461
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Protein Dynamics in Remote Thioredoxin Detectionsequence similarity. They focus on the chemistry and molecular
orientation required for a functional site, as these are intimately
linked to function (Chothia and Lesk, 1987). Conservation of
local 3D motifs often persists as global similarity deteriorates.
Thus, local 3D motifs can outperform global structural or
global sequence similarity searches (Polacco and Babbitt,
2006). Methods such as MarkUs (Petrey et al., 2009), GASPS
(Polacco and Babbitt, 2006), FFFs (Fetrow and Skolnick, 1998),
TESS (Wallace et al., 1997), FEATURE (Halperin et al., 2008;
Wu et al., 2008), and others (Hamelryck, 2003; Kleywegt, 1999)
take advantage of local structural signals for functional site
recognition. Such methods enable functional studies on struc-
tural genomics targets,whichoftenbear poor sequence similarity
to proteins of known function (Thornton, 2001). However,
emphasis on local motifs leaves them vulnerable to false posi-
tives from similar protein families with related active sites but
slightly differing mechanism and/or substrate specificity.
Structure-basedpredictionmethods havepredominantly been
used on static PDB structures (Berman et al., 2003). These
conformations may not have atoms arranged in their functionally
relevant positions by chance or because there are artifacts
from crystallization conditions (Chayen and Saridakis, 2008;
Gelin and Karplus, 1979; Jacobson et al., 2002). Such complica-
tions can undermine the performance of these methods. Protein
dynamics can capture alternative conformations that may be
more indicative of function (Henzler-Wildman and Kern, 2007).
Sometimes a protein has multiple crystal structures from which
we can gain insight about its conformational space. Otherwise,
alternative means of inferring structural variations are necessary.
Variable regions captured by multiple crystal structures often
correspond to mobile regions in molecular dynamics simulations
(Kossiakoff et al., 1992). Thus, molecular dynamics simulation is
a reasonable computational approach for exploring protein
flexibility and reducing the dependency of prediction methods
on one or a handful of structures. We have previously shown
the advantages of coupling structure-based function prediction
and molecular dynamics for calcium-binding sites (Glazer et al.,
2009). Large-scale application of molecular dynamics has
been, however, limited because of the computational expense
(van der Kamp et al., 2010; Wroblewska and Skolnick, 2007).
However, recent advancements in porting the code to graphical
processing units (GPUs) have led to significant speedups (Stone
et al., 2007). One such GPU-accelerated molecular dynamics
simulation package is OpenMM (Friedrichs et al., 2009).
In this work, we describe the combination of sequence, struc-
ture, and dynamics information to improve remote thioredoxin
detection (Figure 1). We infer protein evolutionary relationships
using HMMER, model functional sites using FEATURE, and
generate conformational diversity using OpenMM. We demon-
strate that the integration of these tools exceeds the perfor-
mance (precision and recall) of any individual component. We
also show its utility for novel thioredoxin discoveries on unanno-
tated structural genomics targets.
RESULTS
With HMM and dynamic FEATURE, we capture both evolu-
tionary conservation and structural dynamics information,
respectively (Figure 1). Here, we report the performance of our462 Structure 19, 461–470, April 13, 2011 ª2011 Elsevier Ltd All righmethod (HMMDF) compared with control experiments (HMM
alone and dynamic FEATURE alone) on functional recognition
of thioredoxins. We also demonstrate its application to the anno-
tation of structural genomics targets.
Data Sets
We compiled two data sets, SP-PDB95 and SG-PDB95, for
performance assessment and novel discoveries, respectively.
SP-PDB95 is a nonredundant data set (95% sequence identity
threshold) containing PDB structures corresponding to curated
annotation records in UniProtKB/Swiss-Prot (2010). SG-PDB95
is also a nonredundant data set containing structural genomics
PDB structures corresponding to noncurated annotation records
in UniProtKB/TrEMBL (2010). See Experimental Procedures for
more detail.
Training Data
We built a thioredoxin family HMM using a structural alignment
of six diverse thioredoxin proteins. The alignment highlights the
absolute conservation of three residues, the two active site
cysteines and a distant proline (Figure 2A). In 3D, these residues
map to the active site, the only region of the protein showing
universal conservation (Figure 2B). Two other regions in the
core of the protein possess partial conservation.
Using the structures of the six training proteins, we built radial
shell FEATUREmodels centered on each of the active site cyste-
ines (Figure 3A). The model fingerprints show the over- and
underrepresented properties in concentric shells around the
active cysteines, compared with random cysteines from the
PDB (Figure 3E). The N-terminal active site cysteine resides
within a coil and is relatively solvent exposed, evidenced by
widespread deficiencies in the third to fifth shells (5.0–7.5 A˚
from the cysteine sulfur atom). The C-terminal active site
cysteine resides within an alpha-helix and is more buried, evi-
denced by numerous abundant properties in the third to fifth
shells. Both models detect proline(s) in the local environment
as well as a coiled structure that creates a turn. The proximity
of the active residues leads to partly overlapping but dissimilar
environments. The thioredoxin HMM and FEATURE models are
available at https://simtk.org/home/trx-mdtraj/.
HMMDF Performance
HMMDF is a short-circuit evaluation of a logical conjunction on
HMM and dynamic FEATURE results (Figure 1). First, the novel
thioredoxin family HMM scores all sequences from the SP-
PDB95 data set. Putative thioredoxin sequences (HMM E-value
less than 1E2) are then mapped to their PDB structures and
their dynamics simulated using OpenMM. In a process called
‘‘dynamic FEATURE,’’ the new multisite thioredoxin FEATURE
model scores the simulation snapshots and identifies thioredox-
ins using the observed FEATURE scores. HMMDF achieves a
precision of 0.90 at a recall of 0.95 on the SP-PDB95 data set
(Figure 1; see Table S1 available online).
HMM Performance (Control Experiment)
Standard usage of the HMM involves a stricter significance
threshold (E-value less than 1E-3). With this cutoff, the HMM has
similar performance on UniProtKB/Swiss-Prot and SP-PDB95
(Figure 1). On SP-PDB95, it achieves high precision (0.92) atts reserved
Figure 1. Overview of Methodology and Performance
(1) Select structures from the PDB corresponding to a functional site of interest.
(2) Superimpose the structures with DALI to create a multiple sequence alignment.
(3) Input the multiple sequence alignment to HMMER to train a Hidden Markov Model.
(4) Input the structures to FEATURE to build FEATURE models of the functional site.
(A) Score query sequences with the Hidden Markov Model, filtering out those with E-value >1E2.
(B) Simulate retained query structures using OpenMM Zephyr, extracting snapshots to generate structural ensembles.
(C) Score structural ensembles with the FEATURE models, using the scores to guide classification. Prediction results are shown in the table. The first column
states the method and data set (italicized) being evaluated. The second column lists the threshold used for each. The next three columns report the number of
thioredoxin active sites found (column 3), number of thioredoxin active sites missed (column 4), and number of sites incorrectly predicted to be thioredoxin active
sites (column 5). The last two columns summarize the performance of each method by its fidelity (column 6) and completeness (column 7). Numbers in
parentheses reflect inclusion of the training data in the data sets.
See also Figure S1 and Table S1.
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thioredoxin family members are missed. We separated BLAST
pairwise alignments between all thioredoxins into two sets:
alignments between true positives of the HMM and alignments
between true positives and false negatives of the HMM. The
distribution of alignment scores in the two sets is highly dissimilar
as evaluated by a two-sample Kolmogorov-Smirnov test (p-
value of 9.1E-37). This indicates that thioredoxins missed by
the HMM have significantly lower sequence similarity to the
rest of the family (Figure 2C); BLAST returns fewer alignments
and poorer alignment scores. The HMM is therefore unable to
identify these distant members of the thioredoxin family.
Comparedwith HMM,HMMDF exhibits significantly higher recall
with a slight decrease in precision.
Dynamic Feature Performance (Control Experiment)
We explored 10 ns of implicit solvent protein dynamics for all 62
thioredoxins from the SP-PDB95 data set as well as 48 non-
thioredoxin proteins. The latter were primarily the highest scoring
non-thioredoxins from static FEATURE. Static FEATURE differs
from dynamic FEATURE in that it is a scan of PDB structures
rather than structures generated by molecular dynamics. InStructure 19,dynamic FEATURE, simulation ensembles show root-mean-
square deviation (rmsd) of less than 6 A˚ from the starting struc-
ture and stable secondary structure content (Table S1). Shifts
in the secondary structure elements and side chain conforma-
tions lead to different active site conformations (Figure 3B;Movie
S1) and FEATURE scores (Figures 4A–4C). In general, high
scoring simulation frames show lower rmsd from the six static
training structures, whereas low scoring frames show a larger
and broader distribution of rmsd (Figures 3D and 4D). The two
thioredoxins misclassified by dynamic FEATURE (Figure 3C)
have significantly larger rmsd from the positive training struc-
tures (Figure 3D). Dynamic FEATURE trades moderate precision
(0.82) for high recall (0.97) (Figure 1). Compared with dynamic
FEATURE, HMMDF retains similar recall but with significantly
improved precision. All simulation trajectories are available at
https://simtk.org/home/trx-mdtraj/.
Structural Genomics Targets
To discover novel thioredoxins, we applied HMMDF to the non-
annotated SG-PDB95 data set (Table S1). We found 22 unique
proteins, 21 of which had preliminary evidence for thioredoxin
activity. The Prosite thioredoxin patternmatched four structures.461–470, April 13, 2011 ª2011 Elsevier Ltd All rights reserved 463
Figure 2. HMM Training Data and Perfor-
mance
(A) Multiple sequence alignment of the six thio-
redoxin training proteins. Columns less than 25%
gapped are shown, and universally conserved
residues are in red. Sequence conservation scores
diagramed below the alignment are gray (score <7)
or colored (scoreR7).
(B) Thioredoxin training structure 2FWH by
sequence conservation score. Color scheme is
identical to (A) with colored residues displayed
using a ball-and-stick schematic. The three
regions of high conservation correspond to (1)
active site and (2 and 3) core structural sites.
(C) Distribution of BLAST pairwise alignment
scores between thioredoxins of the SP-PDB95
data set. Alignment scores between HMM true
positives (TP–TP, blue) and HMM true positives
and false negatives (TP-FN, red) are shown. The
two distributions are significantly different with a
p-value of 9.1E-37 from a two-sample Kolmo-
gorov-Smirnov test. N indicates the number of
alignments (E-value <10 and alignment length
R50) and m describes the distribution mean.
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to another fourteen structures. Of the remaining three, from the
ConservedDomainDatabase (Marchler-Bauer et al., 2009), posi-
tion specific scoring matrices (PSSMs) for thioredoxin and the
evolutionarily related DsbA identified two additional structures.
Structure 1Z6Mproduced no results against the electronic anno-
tation databases, butwasclassifiedbySCOP (Murzin et al., 1995)
as DsbA like.
The remaining structure, 3F9U, had a match to the HMM for
the PFAM Domain of Unknown Function 255 (DUF255).
DUF255 is a member of the thioredoxin fold class but is
associated with no additional information. Our results strongly
indicate 3F9U to be a novel thioredoxin. It possesses detectable
sequence homology to the thioredoxin protein family with
a HMM E-value of 5.3. Dynamic FEATURE finds 19 frames
scoring above the thioredoxin model thresholds. Furthermore,
the putative active site on 3F9U reveals a pair of cysteines in
proximity to a cis-proline, similar to known thioredoxins.
DISCUSSION
HMMDFmerges the strengths of sequence-basedmethods with
those of structure-based methods augmented with dynamics
information for remote thioredoxin detection. It relies on a small
number of structures from which information is extracted about
sequence and structure. We found 483 thioredoxin proteins in
UniProtKB/Swiss-Prot, of which 62 corresponded to a PDB
structure. After making the data set nonredundant at 30%
sequence identity, 25 structures remained. Of course, there is
a severe reduction in available data whenmoving from sequence
to structure. Importantly, therefore, our method performs well
when structural representatives are scarce. In the absence of
diverse representatives, we would have to rely more heavily on
sequence data in constructing the FEATURE models.
Numerous databases have defined the thioredoxin family in
different (sometimes conflicting) ways using sequence-based
and structure-based descriptors. Among the Prosite, PFAM,464 Structure 19, 461–470, April 13, 2011 ª2011 Elsevier Ltd All righPANTHER (Mi et al., 2010), TIGRFAM (Haft et al., 2003), PRINTS
(Attwoodetal., 1997),CATH (Greeneetal., 2007), andSCOPdata-
bases, there is significant overlap but no consensus, highlighting
the difficulty in defining the boundaries (Petrey and Honig, 2009).
In our study, we use the curated Prosite database as the gold
standard. Unlike other databases, Prosite annotates sequences
as true positives, false positives, and false negatives. False nega-
tives are interesting, as they are difficult test cases for sequence-
based tools. To assess our methods fairly, we built our own
thioredoxinHMMusing proteins recognized by our gold standard,
the Prosite thioredoxin pattern. We focus our efforts on compari-
sons between our method, HMMDF, and our Prosite-derived
HMM, for two reasons. First, there exists no straightforward
mapping between the sequence-based databases. For example,
PFAM links two HMMs to the Prosite thioredoxin pattern, but the
pattern entries actually span additional PFAM HMMs. These
inconsistencies in mapping prevent fair comparisons between
the sequence-based databases. Second, the structure-based
databases classify proteins based on overall 3D topology, which
is not reflective of our study of functional domains.
We created the thioredoxin HMM from a structural sequence
alignment of only six proteins. It uses sequence and structure
data from diverse thioredoxins to identify positions of functional
importance. The resulting alignment highlights conservation of
the invariant active site cysteines and cis-proline. The proline
has long been suggested to have an important role in the stability
and catalytic function of the protein (Martin, 1995).More recently,
its function was linked to preventing metal binding by the active
cysteines (Suet al., 2007). Theobservationof similarities between
thioredoxin active sites andmetal binding sites is consistent with
our results from static FEATURE, where a significant fraction of
high scoring sites in non-thioredoxin proteins corresponded to
bound metal ions (see Supplemental Experimental Procedures).
FEATURE therefore detects local physicochemical similarities
between thioredoxin active sites and metal binding sites (Wu
et al., 2010) as suggested by mutational studies, where mutation
of the conserved proline led to metal binding (Su et al., 2007).ts reserved
Figure 3. Thioredoxin Active Site
(A) Schematic of the thioredoxin active site of training structure 2FWH. The environment around each active site cysteine sulfur atom is segmented into six
concentric radial shells, each 1.25 A˚ thick.
(B) Thioredoxin active site of dynamic FEATURE true positive 2DJJ. Shown are the starting PDB conformation (left) and the highest scoring conformation from
molecular dynamics (right).
(C) Thioredoxin active sites of dynamic FEATURE false negatives 1WMJ and 2ALB.
In (A), (B), and (C), residues near the active site are shown using a ball-and-stick schematic and atoms within 7.5 A˚ of the active sulfur atoms are colored (C =
green, N = blue, O = red, and S = yellow). The conserved cysteines and proline are highlighted by colored covalent bonds. FEATURE scores for the active
cysteines are below the panels.
(D) Rmsd distribution of conserved active site residues. Standard box plots show rmsd between the static training proteins and the simulation ensembles of the
training proteins, 2DJJ, 1WMJ, and 2ALB. Simulation frames are split into high and low FEATURE scores for active sites scoring above or below model
thresholds, respectively.
(E) Multisite thioredoxin FEATURE model fingerprint. The fingerprint shows the physicochemical properties significantly overrepresented (abundant, red) and
underrepresented (deficient, blue) in the local environment of the active cysteines. Color intensity reflects a property’s significance (p-value) with a minimal
inclusion threshold of 0.01.
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Figure 4. Dynamic Nature of the Thiore-
doxin Active Site in 2DJJ
(A) FEATURE score profile for the N-terminal
active site cysteine.
(B) FEATURE score profile for the C-terminal
active site cysteine.
In (A) and (B), FEATURE scores are plotted against
simulation frame (gray). The starting scores (blue)
and model thresholds (red) are also marked.
Simulation frames that score above both model
thresholds simultaneously are orange. The high-
lighted yellow regions correspond to Movie S1.
(C) Histogram of active cysteine FEATURE scores.
Grid intensity indicates the frequency of the score
combination, according to the scale on the right.
The dotted lines show the FEATURE model
thresholds.
(D) Correlation between FEATURE scores and
rmsd of conserved active site residues. Active
cysteine FEATUREscore combinations are plotted
against their average rmsd from the static training
structures. The rmsd is in angstroms and scales
according to the color scale on the right. The
dotted lines show the FEATUREmodel thresholds.
See also Movie S1.
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Protein Dynamics in Remote Thioredoxin DetectionOur multisite approach for representing functional sites with
FEATURE is novel. FEATURE models are usually centered on
a single key position around which the structural environment
is assessed. In this case, however, we built a model centered
on each of the two redox reactive cysteines and used a multisite
threshold criterion in scoring. The proximity of the cysteines
leads to partly overlapping radial shells, which ensures the envi-
ronments are spaced at an appropriate distance. For example,
both active cysteines see the conserved cis-proline within shells
2–4, indicating the proline lies equidistant to them. Our multisite
approach introduces directionality into the representation, which
has previously been absent from FEATURE when using a single
radial shell model. Two centers increase the information content
and performance of FEATURE (see Supplemental Experimental
Procedures and Figure S1B). Meanwhile, it makes unambiguous
predictions of an active site with two points, requires no a priori
knowledge of the site orientation due to a spherical coordinate
system, and rapidly calculates properties by partitioning the
local environment into shells. Less than 3 hr are needed to
perform a static FEATURE scan of the full PDB.
The FEATURE model recognizes thioredoxin active site
conformations similar to those found in the training structures.
For a query site, there exists a correlation between high
FEATURE scores and small active site root-mean-square devia-
tion from the training structures. The correlation is fuzzy as
FEATURE detects more details of the local environment than
just the position of conserved active site residues. While we
have not explicitly validated that such conformations are catalyt-
ically active, we can assume they are compatible with thiore-
doxin activity. The FEATURE model is therefore a proxy for
inferring thioredoxin activity.
Conformational diversity is sampled under implicit solvation
conditions,where thesolvation freeenergy is approximatedusing
the generalized Born surface area (GBSA)model (Qiu et al., 1997;
Still et al., 1990).We loseatomicdetail of the interactionsbetween
protein and water, which could disrupt the complex chemistry466 Structure 19, 461–470, April 13, 2011 ª2011 Elsevier Ltd All righwithin the active site, leading to nonphysiological conformations.
However, the high recall of dynamic FEATURE suggests that
implicit solvent is a reasonable simplification for exploring thiore-
doxin dynamics. We also simulated the six training proteins in
explicit solvent and saw no concrete disadvantages for using
implicit solvent (see Supplemental Experimental Procedures
and Figures S1C and S1D). We have previously shown that
molecular dynamics with explicit solvent systems improves
detection of calcium-binding sites (Glazer et al., 2009). Extension
of this concept to implicit solvent significantly broadens the appli-
cability of this approach by markedly decreasing computational
time. Implicit solvent systems are also easier and faster to set
up, as they do not require introduction of charge neutralizing
ions or equilibration of ions and water molecules.
Dynamic FEATURE is superior to static FEATURE in all
respects (see Supplemental Experimental Procedures). How-
ever, our approach for gathering structural information has
a few limitations. First, we use molecular dynamics to collect
dynamics information, which can be significantly slower than
other programs. However, it can provide a finer sampling of local
conformational space (Seeliger et al., 2007). As FEATURE
models are sensitive to the small structural changes found in
thioredoxins, molecular dynamics works well. When larger
changes are expected, alternative simulation tools may be
more appropriate. Second, we performed all simulations using
the Amber96 force field (Cornell et al., 1996). It has fairly accurate
reproduction of electrostatic interactions but can favor extended
backbone conformations over helical conformations (Yoda et al.,
2004). Interestingly, the false negatives of dynamic FEATURE
have active site starting conformations with distorted secondary
structure and large root-mean-square deviation from the training
proteins. The local backbone conformation starts extended
and never becomes helical during the simulation. Our use of
Amber96 may have affected the propensity to form helices. In
separate work, we are systematically evaluating the effects of
different force fields on FEATURE results.ts reserved
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molecular dynamics is still too time consuming to allow exhaus-
tive application to all protein structures. Structures must be
triaged, and sequence-based methods, being highly efficient,
lend themselves to analysis of large data sets. Thus, we use an
HMM to filter out proteins with little or no sequence similarity
to thioredoxins. HMM acceptance thresholds are typically set
to E-values no greater than 1E-3, but this leads to poor recall
of remote homologs. We therefore use a lenient E-value
threshold of 1E2 to retain them. Even so, the HMM can still over-
look extremely remote thioredoxins or any resulting from conver-
gent evolution, as these will not share detectable sequence
similarity with the rest of the family. Our HMM filter significantly
reduces the data set, but its lenient threshold compromises its
precision. There are numerous false positives composed of thio-
redoxin-like sequences that lack a corresponding functional site.
Fortunately, dynamic FEATURE properly classifies these as it
recognizes the 3D functional site. Remote homologs are also
not a problem as global sequence divergence has limited effect
on the active site. Conversely, by focusing on a small 3D motif,
dynamic FEATURE is susceptible to unrelated proteins with sites
resembling the thioredoxin active site. Such sites from metal
binding proteins or other members of the thioredoxin fold class
can be effectively screened out with the HMM. Therefore,
HMM and dynamic FEATURE complement one another.
HMMDF, however, still incorrectly classifies seven of 48 non-
thioredoxin proteins. These false positives largely come from
the glutaredoxin protein family, a member of the thioredoxin fold
class. Shared residues include not only those buried in the core
but also residues with Ca atoms within 10 A˚ of the redox reactive
disulphide (Eklund et al., 1984). In fact, some thioredoxins can
be recycled back into their active form via the same mechanism
as glutaredoxins (Holmgren, 1978). This is in contrast to the
general processes where NADPH and thioredoxin reductase
reduce thioredoxins, and glutathione and glutathione reductase
reduce glutaredoxins (Holmgren, 1988). It is therefore not unrea-
sonable that ourmethodpicksupglutaredoxins as false positives.
Most importantly, HMMDF has high recall recognition of 60
of 63 thioredoxins, crucial for remote homolog identification. Of
the three false negatives, two have unusual secondary structure
around the active site and fool dynamic FEATURE. The remain-
ing remote thioredoxin shares so little sequence similarity with
the rest of the family that its HMM score does not satisfy the
HMM filter. Proteins missed by the HMM are found by dynamic
FEATURE and vice versa. However, HMMDF uses a logical
conjunction classification scheme for increased precision,
meaning proteins missed by either component tool are missed
by HMMDF. If high precision is not essential, independent use
of the tools can recover the remaining remote homologs.
The integration of sequence, structure, and structural
dynamics information makes HMMDF less reliant on any single
data source. Our scan of structural genomics targets yielded
21 proteins with preliminary evidence of thioredoxin activity
through a variety of electronic and manual annotation data-
bases. We also discovered a novel thioredoxin, 3F9U. For the
purpose of remote thioredoxin identification, the intersection
between our results and these databases shows our method
transcends some of the boundaries of sequence-based and
structure-based methods.Structure 19,EXPERIMENTAL PROCEDURES
Training Structures
We retrieved all UniProtKB and PDBmatches to the Prosite thioredoxin pattern
and extracted the subset corresponding to X-ray crystallography structures,
excluding those with oxidized active sites, mutations, or bound substrates.
Structures were then grouped into 30% sequence identity clusters from
which a single member was randomly selected to create a non-redundant
set. Exhaustive pairwise root-mean-square deviation (rmsd) calculations
on the active cysteines allowed filtering for active site alignment (mean
rmsd <0.3 A˚). This led to six proteins with experimentally validated function.
Their PDB identifiers are: 1A2L, 1ERT, 1TJD, 2FWH, 2PPT, 3EMX (Banaszak
et al., 2004; Guddat et al., 1998; Jeon and Ishikawa, 2002; Stirnimann et al.,
2006; Weichsel et al., 1996; Ye et al., 2007).
Data Sets
We created all data sets with UniProt release 2010_05. This release has
516,503 sequence entries in Swiss-Prot and 10,706,472 sequence entries in
TrEMBL to make a total of 11,222,975. We also used the May 2010 snapshot
of the PDB, excluding theoretical models and Ca only structures.
SP-PDB95
We began with the intersection of PDB and UniProtKB/Swiss-Prot. We then
clustered by 95% pairwise sequence identity using the precomputed clusters
made available by the PDB. The structure with the highest static FEATURE
score(s) became the cluster representative to prevent overrepresentation of
proteins with multiple structures. We then annotated this data set with the
curated Prosite thioredoxin pattern (PS00194).
SG-PDB95
We used the same procedure as above on the intersection of PDB structural
genomics targets and UniProtKB/TrEMBL. Given that Prosite only contains
annotations for UniProtKB/Swiss-Prot entries, SG-PDB95 is an unannotated
data set.
Thioredoxin HMM
The DALI server (Holm et al., 2008) superimposed the six thioredoxin training
structures to create a structural multiple sequence alignment (MSA). This MSA
served as input to HMMER to build a thioredoxin family HMM. When using the
HMM, we scanned all sequences with an effective sample size of 11,222,975
to reflect the size of UniProtKB. We also turned off all heuristic filters to maxi-
mize sensitivity. The performance of the HMM alone was assessed using
a threshold of E-value <1E-3, which is the author recommended cutoff (Coggill
et al., 2008). A lenient threshold of E-value <1E2 was used when applying the
HMM as a filter in the context of HMMDF.
Thioredoxin FEATURE Model
The FEATURE framework uses positive and negative training data to build
a Naive Bayes classifier for functional site recognition (Wu et al., 2008). The
classifier learns the over- and underrepresented physicochemical properties
in the local environment of a point of interest. We modified procedures pub-
lished earlier (Wu et al., 2008) to accommodate a multisite thioredoxin
FEATURE model, where the microenvironment around each active site
cysteine is characterized. As positive training data, the N-terminal cysteine
model used the N-terminal active cysteine sulfur atom from the six thioredoxin
training structures. As negative training data, it used 6000 other cysteine
sulfur atoms selected at random from the PDB. We normalized the raw scores
to the distribution of the negative training data and defined the 100% speci-
ficity cutoff as the highest scoring negative. Repeating this procedure with
the six C-terminal active cysteine sulfur atoms gave the C-terminal cysteine
model. Combining the two produced the novel multisite thioredoxin FEATURE
model.
Static FEATURE
The multisite nature of the thioredoxin model required query structures
to be scored on cysteine pairs. We defined these as a pair of cysteine resi-
dues with sulfur atoms no greater than 8 A˚ apart (Figure S1A). Each site of the
thioredoxin model scored each cysteine sulfur atom, such that each model
site was applied to both sulfur atoms in a pair. We then assigned the query
site score to be that of the highest scoring orientation. To ensure high461–470, April 13, 2011 ª2011 Elsevier Ltd All rights reserved 467
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ficity cutoffs derived from the training data. For the multisite thioredoxin
FEATURE model, this was 3.264 and 4.134 for the N- and C-terminal active
site cysteines, respectively. Using this procedure, we scored all cysteine
pairs from the PDB.
Implicit Solvent Molecular Dynamics Simulation
PDB structures served as the starting configuration for all simulations. Each
system had one chain and no heteroatoms because the Amber96 force field
in our simulation software did not have these molecules parameterized. We
therefore converted selenomethionine residues to methionine by replacing
the selenium with sulfur. ModLoop (Fiser et al., 2000; Fiser and Sali, 2003)
built in missing residues or atoms, though we ignored missing N- and
C-terminal residues as many of these were expression tags, highly flexible,
or not proximal to the putative thioredoxin active sites. For consistency, we
modeled all thioredoxin active sites in their reduced state, even though
reduced and oxidized forms generally have no significant structural changes
(Jeng et al., 1994). The protonation state of other amino acids followed their
respective charge at physiological pH. For histidine, we chose protonation
of the 3-nitrogen.
To generate protein structural diversity, we used OpenMM Zephyr, where
Zephyr is a GUI for OpenMM. Version 1.1.2 supports the Amber96 force field
and GBSA implicit solvent, implemented using the OBC algorithm (Onufriev
et al., 2004). We set the solvent collision interval to the experimental value
for water (0.01099 ps), which thereby determined the solvent viscosity. Each
structure of interest was energy minimized to convergence using steepest
descent. We followed this with simulation at 300 Kelvin using an accurate
leap-frog stochastic dynamics integrator and 2 fs integration time step.
SHAKE constraint algorithm (Ryckaert et al., 1977) constrained all hydrogen
bonds to their equilibrium lengths. Short-range neighbor list, electrostatics,
and Van der Waal interaction cutoffs were set to 100 nm. On a cluster of
NVIDIA Tesla graphical processing units, we simulated 132 proteins for
10 ns each.
With GROMACS 4.0.5 (Van Der Spoel et al., 2005), we extracted simulation
snapshots at 2.5 ps intervals to create structural ensembles. Stability of the
trajectories was inferred by the structural ensemble’s root-mean-square devi-
ation from the starting structure as well as its secondary structure content. We
used GROMACS commands g_rms and do_dssp for these analyses.
Dynamic FEATURE
In dynamic FEATURE, the multisite thioredoxin model scores conformational
ensembles rather than PDB structures. We first analyzed the implicit solvent
ensembles for the six thioredoxin training proteins and observed each active
site to have 50 or more frames meeting the 100% specificity cutoffs. Other
cysteine pairs on these proteins never achieved a single frame above the
model thresholds. Putative thioredoxins were therefore defined as structures
with one or more frames scoring above the 100% specificity cutoffs.
HMMDF
HMM scores protein sequences while dynamic FEATURE scores simulation
snapshots extracted from a molecular dynamics simulation trajectory. Both
HMM and dynamic FEATURE classify a protein as thioredoxin (true) or non-
thioredoxin (false). HMMDF combines these results as a logical conjunction
to produce the final protein classification. In practice, HMMDF uses short-
circuit evaluationwhere dynamic FEATURE is only evaluated if HMMevaluates
a true.
BLAST Pairwise Alignments
BLAST 2.2.22 (Altschul et al., 1990; Camacho et al., 2009) generated pairwise
alignments between all 62 thioredoxins from the SP-PDB95 data set. We used
default parameters, including a threshold E-value of 10, gap opening and
extension penalties of 11 and 1, respectively, and a BLOSUM62 scoring
matrix. Returned alignments were filtered for alignment lengthR50 to remove
spurious alignments.
Active Site Rmsd Analysis
Three residues within the thioredoxin active site are invariant, the two redox-
reactive cysteines and a proline. Using g_rms from GROMACS, we calculated468 Structure 19, 461–470, April 13, 2011 ª2011 Elsevier Ltd All righall atom root-mean-square deviation (rmsd) between these residues from the
static training proteins and the same residues from the simulation frames.
Performance Measurements
The precision and recall of our methods on our data sets are measured as
follows: Precision = TP/(TP+FP), Recall = TP/(TP+FN), where true positive
(TP) is a protein predicted and annotated as a thioredoxin, false positive (FP)
is a protein predicted but not annotated as a thioredoxin, and false negative
(FN) is a protein not predicted but annotated as a thioredoxin. Recall is also
known as sensitivity.
Visualization Tools
We used Jalview (Waterhouse et al., 2009) to visualize the multiple sequence
alignment, calculate alignment consensus scores, and filter out columns more
than 25% gapped. Structure images and movies were generated using VMD
1.8.7 (Humphrey et al., 1996).
SUPPLEMENTAL INFORMATION
Supplemental Information includes one figure, one table, one movie, and
Supplemental Experimental Procedures and can be found with this article
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